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A heavy metal, copper, was exposed to indicator species, Daphnia magna in fresh water. Response behaviors were 
accordingly monitored by using models for pattern recognition. With computer interfacing techniques movement of 
indicator species was continuously observed in response to Cu2+ at low concentrations before (24 hours) and after (24 
hours) the treatments. The movement tracks in 2-dimension were segmented into a short unit (30s). The parameters 
(e.g., speed, stop number and meander) in the movement data were trained with Self-Organizing Map (SOM) to 
classify behavioral patterns under the stressful condition of chemical treatments. The patterns in the designated time 
unit accordingly revealed the structural properties of movement data under the chemical stress. This study further 
suggested that models of pattern recognition such as SOM could be a useful tool in analyzing complex behavioral 
patterns of indicator species and in monitoring heavy metal exposure in environment in situ. 
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1. Introduction 
Detection of response behaviors of animals has been considered as an efficient tool for bio-monitoring 
in aquatic ecosystems since the late 1980s [1]. Behavior was regarded as a suitable indicator system in 
monitoring presence of various chemical agents in environment [2]. The detection of early warning 
signals through behavioral changes of indicator organisms is ecologically relevant, faster, and more 
economic than chemical detection [3]. Once a determined behavior can be quantified as a parameter, the 
parameter has the potential to be used as a type of biomarker in the assessment of stress [4]. A numerous 
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accounts of behavioral research on chemical effects have been reported in various taxa including 
crustaceans [5,6], snails [7], fishes [8-10] and insects [11-13].  
The movement behaviors, however, are difficult to analyze due to complexity of the data. Appropriate 
methods for analyzing behavior are required in behavioral monitoring. The Self-Organizing Map (SOM) 
made it feasible to classify and organize behavioral patterns in different categories (i.e., sub-clustering). 
SOMs have been used to efficiently identify the patterns of response behaviours observed in individual 
animals under stressful conditions [11,14,15]. SOM has been further applied to analysis of behavioral 
data in response to different genotypes to toxic chemicals [12,16]. Moreover, behavioral classification 
with the SOM has been expanded to human clinical therapy. The human gait signature, for instance, was 
analyzed with a combination of wavelet and SOM [17].  
In this study complex behavioral data were segmented and were analyzed by SOM to provide overall 
view of movement patterns without prior knowledge. The purpose of segmentation in the complex 
behavioral data is to simplify the data in short time units to characterize basic movement types and to 
quantitatively reveal behavioural changes before and after the treatments. Motion segmentation was 
widely applied as a computer vision technique [18-20]. Response behaviors were accordingly segmented 
and patterned [9,14,15]. In this study, SOM was applied to observation of movement data of D. daphnia 
response to the treatments of a heavy metal, copper. Motion trajectories were segmented (i.e., 30s) and 
the movement parameters were extracted from the segmented data to be and used as input to SOM. 
Subsequently composition of classified movement patterns was investigated to reveal effects of the toxic 
chemical. 
2. Material and Methods 
2.1. Test organisms and observation systems 
The stock population of the test species, Daphnia magna, was obtained from the Toxicology Research 
Center, Korea Research Institute of Chemical Technology (KRICT, Daejeon, Republic of Korea) and was 
cultured in M4 medium [21]. The stock population was reared in temperature at 25 ± 1℃, in pH at 7.1 ± 
0.3 (average ± standard deviation) and in light/dark cycle of 14/10 h. At a concentration of 0.01 mg/L, 
copper sulfate (CuS04; JunSei Chemical Co. Ltd) was directly added to the water in observation 
aquarium. Copper sulfate was used as the test chemical, since the chemical has been reported to be highly 
toxic to aquatic organisms and accumulation of the chemical can be significant with negative effects on 
growth and reproductive performance of animals [22]. 
Test organisms at one day old were randomly chosen and were placed individually in an observation 
aquarium (6 cm×5 cm×1 cm). After the test specimens had been acclimated to the observation system for 
30 minutes before testing, they were individually observed from the top view for 24 hours before the 
treatments, and subsequently for 24 hours after the treatments. To simplify the observation condition, 
food and oxygen were not supplied to the arena during the observation period. The movement tracks of 
thirty individuals were individually recorded for analysis of response behaviors. 
The movement track of test animals was recorded using an observation system consisting of 
observation aquarium, camera, timer, video frame grabber card (Mor/2VD, Matrox Morphis®) and 
software for image recognition system. With a color CCD camera (Hitachi KP-D 20 BU®) the 2-D 
movement track of the test organisms was scanned from side view continuously in 0.25s interval during 
the observation period. Subsequently, the captured image was sent to the image recognition system in 
order to locate target organisms in the spatial and time domains [9,14,15]. 
2.2. Parameter calculation 
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The time frame for grabbing the position of the individuals was set to 0.25s. The interval of 0.25s 
segment was sufficiently short in presenting overall movement of the organisms in detecting response 
behaviors of specimens, considering the response time of chemical treatment is generally within one day 
[11,15,23]. Since the recorded data were too large during the observation period, 1000 segments (30s) 
were randomly selected for the 30 individuals before and after the treatments separately. Based on 
preliminary studies and previous reports [14,15], the following 7 parameters were selected to characterize 
the movement data: speed (mm/s), acceleration (mm/s2, speed change divided by time), locomotory rate 
(mm/s, movement distance without stop time), stop number (n, stop number during segment time), stop 
time (s, total stop time during segment time), turning rate (rad/s, angular change divide by time), and 
meander (rad/mm, angle change per movement distance). The data matrix of 7 parameters with 1000 
segment was produced and was subsequently used as input data for training with the SOM. 
2.3. Self-Organizing Map (SOM) 
The Self-Organizing Map (SOM), consisting of two layers of input and output (Fig. 1), performs a 
non-linear projection of data onto a space in low dimension (conventionally two) and provides a patterned 
map of input data through unsupervised learning [24,25]. The size of the SOM was determined 
heuristically in such a way that variations of movement patterns on the map would be comprehensible to 
characterize the overall trend in behavioral patterns. The vertical size of the SOM was allowed to be a 
little longer than the horizontal size. By this way the highest variance in the input data will be projected 
along with the vertical axis while the following variance would be accordingly presented on the 
horizontal axis. Optimal size was adjusted based on degree of discrimination among the grouped nodes 
after training. About two thirds of the total nodes were occupied by the nodes with the samples, while one 
third was empty nodes, which served as delimiters between the occupied nodes. Through adjustment, the 






Fig. 1. Schematic diagram of the SOM consisting of parameters and movement sequences. 
The Euclidian distance (dj (t)) at the j-th node on the SOM between weight at iteration time t and the 
input vector was calculated through learning processes: 
        (1) 
where xi is the value of the i-th parameter, wij(t) is the weight between i-th parameter and the j-th node on 
the SOM and P is the number of the parameter. In this study parameters were the 7 parameters (e.g., 
speed, angular speed) selected for characterizing the movement data as stated above. 
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The best matching neuron, which has the minimum distance, was chosen as the winner. For the best 
matching neuron and its neighborhood neurons, the new weight vectors were updated as: 
      (2) 
where t is the iteration time and (t) is the learning rate. The learning process of the SOM was conducted 
by using the SOM Toolbox (Vesanto et al., 2000) developed by the Laboratory of Information and 
Computer Science in the Helsinki University of Technology (http://www.cis.hut.fi/projects/somtoolbox/). 
The initialization and training processes followed suggestions by the SOM Toolbox to allow optimization 
in algorithm [26]. Detailed description regarding application of the SOM to ecological data can be 
referred to the previous reports [9,12,13,15]. 
As the input data were fed to the SOM for training (equation (2)), the weights of the best matching unit 
and computation nodes close to it were adjusted towards the input vector through interactive calculation. 
In order to reveal the degree of association between the SOM units, the Ward’s linkage method [27,28] 
was used to cluster the movement data based on the dendrogram according to the Euclidean distance. The 
linkage distances were rescaled in 0%-100%.The SOM process was conducted in the MATLAB 
environment (MATLAB 7.11, The MathWorks, R2010b). 
3. Results 
3.1. Overall movement 
 
 
Fig. 2. Movement tracks of Daphnia magna treated with copper at 0.01 mg/L: (a) before the treatments; (b) after the treatments. 
The phase of activity and inactivity of organisms was accordingly observed before and after the 
chemical treatments. Overall, the observed specimens were usually more active before the treatments. 
Although there were individual variations in activity, the movement tracks of the untreated D. magna 
appeared to be smooth and linear, spanning a large area of the observation arena (Fig. 2a). After the 
treatments, typical movements were also observable in the arena (Fig. 2b). The test organisms showed 
more patterns with irregular turns after the treatments. The degree of activity and swimming range 
decreased accordingly. In the movement tracks of the untreated individuals, the frequency of shaking was 
distinctively low. The more affected the organisms were by the chemical, the more shortened was their 
range of movement with a higher degree of irregular turns. The degree of activity and the range of 
swimming correspondingly decreased. The chemical effects were also presented with changes in the 
measured movement parameters. After the treatments, the speed decreased from 5.14 ± 0.98 mm/s to 3.47 
(a) (b) 
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± 0.85 mm/s (one-tailed paired-sample t test, t = 7.72, DF = 29, P < 0.001) while angular speed increased 
from 1.33 ± 0.51 rad/s to 3.73 ± 1.19 rad/s (one-tailed paired-sample t test, t = -13.52, DF = 29, P<0.001). 
3.2. Movement patterns 
The movement tracks in 30s were patterned by the SOM using the 7 parameters as stated above (Fig. 
3). The vertical gradient was produced according to the treatment effects. Six movement patterns were 
identified based on the Ward’s linkage clustering [27,28] (Fig. 3c). The movement segments before 
treatment (with character “C”) were mainly located in the bottom area, while the movement segments 














Fig. 3.  SOM for pattering movement segments of D. magna (30s). (a) Six clusters classified by the SOM (the characters with “C” 
represent the movement segments before the treatments while the characters with “T” stand for the movement segments after the 
treatments.); (b) Profile of the parameters matching to clusters based on the trained SOM. The values in the vertical bar in the top 
row indicate normalized parameters; (c) Dendrogram according to the Ward’s linkage method. 
The clusters accordingly matched to the corresponding movement patterns. Cluster I located at the 
bottom left corner of SOM mainly presented active phase before the treatments (Long movement, Fig. 4a), 
showing smooth and linear movements. Another cluster II located at the mid left area of SOM presented 
the large circular movement and was characterized with high speed (Round movement, Fig. 4b). Cluster 
III in the bottom right was mainly covered by the linear movements near the boundary zones (Boundary 
movement, Fig. 4c). The segments in cluster IV were dominant with the zigzag patterns (Back and forth, 
Fig. 4d), while cluster V was covered by another non-active pattern, repetition of small circles (Short 
turning, Fig. 4e). Cluster VI presented the most non-active phase with the lowest speed and the maximal 
degree of stop pattern (Minimal movement, Fig. 4f). 
(c) (a) 
(b) 
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Fig. 4. Movement patterns of D. magna in 30s segments based on the trained SOM. a) long movement; b) round movement; c) 
boundary movement; d) back and forth movement; e) short turning; f) minimal movement. (The dark circle indicates the starting 
point) 
The movement patterns on SOM could be visualized by presenting the profile of the parameters in 
averages (Fig. 3b). Cluster I on the bottom left area of the map, for instance, showed most active 
movements with high speed and a minimal level of stop and meander. Cluster II for large circles on the 
bottom left area of the map was mainly characterized with relatively high speed, low stop number, and 
turning rate. Cluster III at the bottom right corner showed active movements similar to cluster II, except 
for higher turning rate and meander. In contrast to Clusters I-III, Clusters IV-VI mainly presented non-
active movements. Cluster IV with zigzag movements was observed at the mid-right area of the map and 
was presented as intermediate ranges in speed, acceleration, stop number, turning rate, etc. Cluster V was 
presented by the small circles with higher degree of turning rate, meander, and lower speed compared 
with Cluster IV, indicating strong impact of chemicals. Stops in cluster VI covered the segments with the 
most non-active movement pattern with a maximal level of stop time and minimum levels of speed and 
acceleration. These clusters shown on the SOM were generally in accordance with experience by 
observers. 
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3.3. Composition of movement patterns 
Changes in frequency (%) were detected in different movement patterns of D. magna before and after 
the treatments (Fig. 5) when the total active and inactive movements were compared before and after the 
treatments. Before the treatments, the abundant patterns were related with strong activities showing 
patterns I-III (Fig. 4a-4c); especially pattern I held 24.3% of the total amount of segments. The back and 
forth, pattern IV (Fig. 4d), occurred in the minimal frequency (10.5%) in contrast. After the treatments, 
however, the proportion of the movement patterns changed substantially. The active and wide ranging 
movements (patterns I-III) decreased, while the non-active movements, patterns IV-VI (especially the 
stop, pattern VI) increased from 12.3% to 26.6% after the treatments. Significant difference (Paired 
sample t test, P < 0.001 with t > t0.001(1),29 = 3.659) was observed before and after the treatments. 
 
Fig. 5. Composition of movement patterns before and after the treatments. 
4. Discussions and Conclusion 
Behavioral data are difficult to analyze since numerous biotic and abiotic factors are involved in a 
complex manner to present inner physiological network outward to the body as a total responsive unit 
[29]. Information on behavioral response to sub-lethal chemical treatments, however, has been regarded 
as valuable in establishing environmental assessment guidelines [30]. This study demonstrated that 
complex behavioral data could be efficiently extracted through SOM to illustrate outline of behavioral 
responses to chemical stressors, further suggesting as a monitoring tool by pattern recognition.  
The comparison of pattern composition illustrated that the movement tracks were dominated by the 
active and wide ranging movement patterns (30s) before the treatments, while the tracks were mainly 
covered with non-active patterns IV-VI with low speed, strong turning rate and meander after the 
treatments (Fig. 5). This indicated that D. magna showed more abnormal behaviors under the chemical 
stressors. Within the large group of behaviours before and after the treatments, different behaviours also 
formed according to SOM (Fig. 3). These behavioural patterns would show different frequencies before 
and after the treatments separately. The frequency difference in each behaviour pattern will be 
investigated in the future. 
In conclusion, complex movement data of D. magna were efficiently patterned by SOM. The SOM 
was successful classifying different movement patterns such as frequent short-distance movements with 
irregular turns after the treatments (i.e., pattern IV). The differences in the movement tracks of the treated 
versus untreated specimens were effectively manifested through the pattern composition. The 
computational methods for presenting the change of movement patterns of indicator species could be 
alternative tools for in situ monitoring chemicals exposed in aquatic ecosystems. 
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